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data fusion, is presented. Firstly, the stitched datasets are modelled by using a Gaussian process so as to determine the mean of each stitched tile. Secondly, the datasets are projected to a base plane. In this way, the three-dimensional datasets are transformed to two-dimensional (2D) images. The images are registered by using an (x, y) translation to simplify the complexity. By using a high precision linear stage that is integral to the measurement instrument, the rotational error becomes insignificant and the cumulative rotational error can be eliminated. The translational error can be compensated by the image registration process. The z direction registration is performed by a least-squares error algorithm and the (x, y, z) translational information is determined. Finally, the overlapped regions of the measurement datasets are fused together by the edge intensity data fusion method. As a result, a large measurement area with a high resolution is obtained. A simulated and an actual measurement with a coherence scanning interferometer have been conducted to verify the proposed method. The stitching result shows that the proposed method is technically feasible for large area surface measurement.
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Introduction
In precision metrology, one challenge is the high dynamic range measurement of precision surfaces, which require both large measurement area and high resolution data [1] . This is especially true for the measurement of surfaces with multi-scale characteristic which have large scale topographic and small scale structure. Due to the limited field of view (FOV) and resolution of the camera, it is difficult to obtain a result with a satisfactory range in a single measurement which measures multi-scale information. One of the possible solutions is to perform multiple measurements and stitch the results together to form a dataset with a larger area to reveal the large topographic information without losing the high resolution information to characterize the micro-structure pattern [2] .
Stitching has been reported for a sub-aperture stitching interferometer for both spherical and flat surface measurements [3] [4] [5] [6] . Preibisch et al. [7] used a phase-correlation method to find the translation matrix between image pairs and performed global optimal stitching. Chen et al. [8] proposed a sub-aperture stitching and localization algorithm for spherical and planar surfaces. Moreover, they developed a coarse-to-fine stitching strategy. Zhang et al. [9] developed a simultaneous reverse optimizing reconstruction method which is based on system modelling technique for aspheric sub-aperture stitching interferometer. Ye et al. [10] used an optimal stitching planning method to measure large aspheric optical surface with ±4 mm range of probe and 20% of overlapped region. Wiegmann et al. [11] evaluated the accuracy of the sub-aperture stitching method using virtual experiments and found that the overall accuracy of stitching result outperformed the direct measurement method by a factor of about 3. For surface measurement instruments such as coherence scanning interferometers, which are widely used today for precision surface measurement, some commercial products can provide a stitching function for relatively flat surfaces [12] .
However, most of the stitching methods make use of six degrees of freedom for registration in the overlapped regions and the computational complexity is relatively large. For instance, the Iterative Closest Point (ICP) algorithm [13] has () is accumulated when the number of sub-surface measurements is increasing, especially for the rotational error, which is difficult to compensate. Marinello et. al [14] pointed out that the translational error is biggest source of errors, while the Roll, Pitch and Yaw error can be as small as several arc-sec. With the help of high precision linear stages in which the rotational error can be considered to be minimal or negligible, registration can be simplified to a three degrees of freedom translation problem with the complexity reduced to ()
In this paper, a stitching method based on Gaussian process and image registration together with an edge intensity data fusion is developed. The working principle of the method is discussed. A simulation and an actual measurement were conducted to verify the method. Some technical aspects are also discussed and the edge effect is improved as compared with the traditional method. The results of the experiments show that the proposed method is suitable for stitching of measurement results of areal measurement instruments, which provides a technically feasible solution for high dynamic range optical measurement for precision surfaces.
The principle of the Gaussian process and image registration based stitching method
The framework of the proposed Gaussian process and image registration based stitching method is shown in Fig. 1 . First, the sub-aperture measurement datasets are modelled using a Gaussian process [15] so as to obtain the mean surfaces, which can reduce the registration error caused by measurement noise and outliers. The datasets are converted to two-dimensional images and the images are registered using an intensity based algorithm, which can determine the (x, y) translation parameters. The MATLAB Image Registration Toolbox [16] has been used to implement this algorithm. In this study, 20 % overlapped area for the measurement datasets is chosen for the best balance between efficiency and accuracy [17] . After the (x, y) translation is determined, the z axis translation is calculated by using a least-squares error method so as to minimize the z distance between the two mean surfaces. The next step is to calculate the data in the overlapped region with an edge intensity data fusion method. Finally, the datasets are stitched together to form a dataset combining all the (x, y, z) translation information and fused overlapped data. 
Gaussian process modelling of original surfaces
Noise in the measurement processes and outliers in the result may affect the registration accuracy. Huang et al. [18] pointed out that both the standard deviation of the noise and the mean error of the noise have influence of the registration error. Traditional methods utilise filtering techniques to remove noise and outliers in the original measurement results. However, filtering is limited by distortion and edge effects [19] . The Gaussian process modelling involved in the proposed stitching method aims to improve the registration accuracy [20] . The original measurement results can be described as a discrete function of ( , ) The measurement process can be considered as a Gaussian process which is a stochastic process, with underlying surface and measurement noise, which can be expressed as
where () i f v is the underlying surface and  is the measurement noise, which is assumed to have a Gaussian distribution In order to model the underlying surface, Gaussian process modelling is used in this study.
A Gaussian process is a random process where the probability distribution function to the associated observation is normal and the joint probability distributions associated with any finite subset of the observations are also normal. A Gaussian process can be modelled as a mean function and a covariance function, which can be expressed as:
where ( In this study, the mean function is designed to be zero function since the measured surface is unknown. Moreover, a squared exponential function is used to represent the covariance of the Gaussian process model: The parameters of the covariance function corresponding to unit characteristic length-scale and unit signal standard deviation are first initiated to be zeros and the likelihood parameter was initiated to be log(0.1) , which denotes the standard deviation of the noise to be 0.1 mm. The parameters of the Gaussian process was then optimized by minimizing the negative log marginal likelihood. After the parameters are optimized, the mean surface and the covariance surface of the measured data are fully determined. In this study, the implementation of the Gaussian process modelling is based on the Gaussian processes for machine learning (GPML) toolbox [21] .
Image registration for x-y alignment
After Gaussian process modelling, the mean surfaces of the original measurement datasets are modelled. The three-dimensional datasets are then projected on to the x-y plane as 2D images.
Image registration is used to align the overlapped images. Generally, there are four types of transformation for image registration, i.e. translation, rigid, similarity and affine. In this study, the translational type is used since only x-y translation is considered. The technique used in the image registration process is intensity-based automatic image registration. The intensity-based automatic image registration is an iterative process. Firstly, the overlapped regions of two images are identified, one is set as the fixed image while the other is set as the moving image.
Hence, a metric, an optimizer and the transformation type are specified. Since the measurement datasets are taken from the same instrument, the metric and optimizer are configured as monomodal. For each iteration, a transformation matrix applied to the moving image is determined and the metric comparing with the transformed moving image with a bilinear interpolation to the fixed image is determined. The iteration stops when the stop condition is detected, e.g. when it reaches a point of diminishing returns or reaches the maximum number of iterations.
z axis alignment
In the previous step, the overlapped region is registered in the x-y direction. The datasets in z axis are then aligned to minimize the distances of the overlapped surfaces. This is a least-squares problem and the objective function can be determined by
where i z and i z are the corresponding points in the two surfaces, and i z denotes the translated data points of the alignment process along the z axis. Translation in the z axis can be calculated by minimizing the objective function in Eq. (5).
Data fusion for the overlapped area
When all the (x, y, z) translation information is determined, the datasets can be stitched together to form an overall measurement result. For the overlapped region, the data is fused together with a data fusion algorithm. There are many kinds of data fusion methods such as simple or weighted means, weighted least-squares fusion and residual approximation-based fusion [22] .
In this study, the edge intensity data fusion method [23] is used. For a dataset () R m n  , the edge intensity is defined by ( , ) ( , ) 1 
Hence, the fused dataset F is determined by ( , ) 
Simulation verification
To verify the proposed stitching method, a simulation using MATLAB was conducted. As shown in Fig. 2 , a synthetic large sinusoidal surface was considered as the targeted measuring surface. The design of the surface is determined by The peak-to-valley distance of the surface was 8 µm. The area of the whole surface was (100×100) mm which was divided into nine sub-regional measurements. The highlighted area in Fig. 2 denotes the overlapped area between nearby measurement datasets. After the Gaussian process, the mean and variance of the original surface were determined and Fig. 3 shows the mean and variance of surface 11. The result shows that the standard deviation of the majority of the modelled surface is about 0.1 µm, while the simulated noise level is 0.1 µm, which demonstrates the effectiveness of the Gaussian process. After image registration, the (x,y) translation relationship of the nearby regions was determined. The next step was to register the datasets in the z direction. The process was to search for the minimum distance between the two mean surfaces by using the least-squares error method. For surface region 11 and surface region 12, the aligned result is shown in Fig. 5 . The result shows that the two surfaces are well registered in the z direction. After the (x, y, z) translation information was determined, the sub-regions could be stitched together. The data in the overlapped area was recalculated with the edge intensity method. Fig.   6 shows the final stitching result. Fig. 6 shows that there are no obvious edges in the overlapped area, which indicates that the datasets are well stitched. The final stitching result is also registered to the original design surface with an iterative closest point (ICP) method [13] and the error map is determined as shown in Fig. 7 . The root-mean-square (RMS) value of the error map is 0.108 µm. The error map shows that the error is evenly distributed and in most areas is close to zero. It is also interesting to note that the error in the centre area is relatively small compared to that in the surrounding areas. This is mainly caused by the accumulated errors in the image registration process since the surrounding datasets principally need more connections than those in the centre. The different patterns for the error map related to two nearby subsurfaces are the results from the registration error for the proposed method. The result shows that the registration error is in the level of sub-micrometer and the error for each nearby registration is randomly distributed, which depends on the data in the overlapped area. This is well demonstrated in different datasets for x direction, i.e. for different groups of datasets (11, 12, 13) , (21, 22, 23) and (31, 32, 33), the errors are distributed (from left to right) in a increasing manner, first decreasing and then increasing manner, and decreasing manner, respectively. 
Experimental verification and discussion

Measurement of a diamond-turned sinusoidal surface
To demonstrate the practical usage of the proposed method, a stitching measurement experiment was conducted by measuring a diamond-turned sinusoidal surface by a commercial coherence scanning interferometer (CSI, with a 20× object lens and 1× and 0.55× zoom lens). The surface was measured in a manner similar to the simulation in a 3×3 matrix arrangement. The area of a single measurement is approximately (0.3×0.2) mm. A set of nearby sub-surfaces with an overlap marked region is shown in Fig. 8 and all the original measurement data is shown in Fig. 9 . Fig. 8 : The 3D dataset for two nearby sub-surfaces, the overlap region is marked with dash line After obtaining the individual measurement data, the data was modelled by a Gaussian process. The mean surfaces of the measurement data are shown in Fig. 10 .
The result shows that the overall deviations of the mean surfaces are greatly reduced and the intensities of the subfigures have better uniformity. This result demonstrates the advantage of using a Gaussian process to model the measurement data, especially when the measurement noise is large or the measurement result is affected by obstacles such as dusts and/or scratches. As reported by Huang et al. [18] , the registration error is about 25 µm for a noise level with standard deviation of 150 µm,. The mean surfaces were then converted to the grayscale images and the image registration was conducted among the eight overlapped regions (which are highlighted in Fig. 10 with notions of A to H). Fig. 11 shows the registration results of the overlapped regions for region A. The results show that the sub-surfaces are well registered. After image registration for the x-y plane, the next step was to perform z axis alignment. After that, the coordinate transformation information for all the three axes were obtained and the registration process was finished. In this study, the z axis alignment was divided into two steps. The first step was to align the subsurfaces in the horizontal direction and another step was to align the sub-surfaces in the vertical direction. The horizontal direction step aims to register the sub-surface in the horizontal direction, i.e. region A and B, region C and D, region E and F as shown in Fig. 10 . The vertical direction step aims to register the sub-surface in the vertical direction, i.e. region G and H. As a result, the relationship of all the subsurfaces were determined.
Result and discussion
After registration, the overlapped data was fused together by using the edge intensity method. Fig. 12 shows the final stitching result after data fusion while Fig. 13 shows the stitching result provided by the CSI software. The detail of the stitching result from the proposed method and that from the CSI software is also shown in Fig. 12(b, c) and Fig. 13(b, c) . The stitching result shows that the subsurfaces are well stitched together and the stitching result provided by the proposed method has better edge transition features than the stitching result provided by the CSI software. Fig. 12 (b, c) shows a better transition area than Fig. 13(b, c) at the region near the edge of the original sub-surfaces. This is due to the characteristics of the edge intensity data fusion method, which combines both the features in the overlapped surfaces to generate a fused dataset. This is particularly useful when the two overlapped sub-surfaces have significantly different measurement results due to measurement noise. . This requirement can be achieved by many commercial linear stages such as those from Aerotech [25] , which rotation error is as small as 50 µrad.
The proposed stitching method is a generic method which is suitable for measuring various kinds of surfaces with different patterns or different local curvature. However, its measurement ability is affected by the measuring range of the sensor and the moving stage. For the experiments as demonstrated in this study, the measurement ability is limited by the hardware of the instrument: measurement range in the z direction of the CSI and the X-Y stage, which results in the fact that it can only measure surfaces which are relatively flat. With the help of additional rotational stages, the measurement for high-departure aspheres is possible with the modified proposed method. The corresponding translation motion should be modified to the rotation motion. For some kind of surfaces with relatively less features such as those with longer spatial period, the registration accuracy may be largely affected, a pre-processing can be implemented to improve the registration accuracy by using the invariant features such as Gaussian curvature [26] . This will be considered in future work. On the other hand, for some workpiece without strong periodical patterns, the small local difference caused by surface roughness and discontinuity of materials can still be treated as features to ensure the registration accuracy [27] .
Conclusion
A stitching method for high dynamic range optical measurement of precision surfaces is presented, which is based on a Gaussian process, image registration and data fusion techniques.
For the overlapped areas, the data are fused with the edge intensity method. A simulation and actual measurement were conducted for the verification of the method. For both simulation and actual measurements, nine (3×3) sub-surface measurements were stitched together to form a holistic measurement result. The stitching result shows improved edge transition features in the overlapped area, which is an advantage, especially for overlapped sub-surface measurements that have significantly different results. It is concluded that the proposed method is technically feasible and suitable for sub-aperture stitching for large area measurement with optical instruments.
